Purpose: The tendencies of non-small cell lung cancers (NSCLC) to be large-sized, irregularly shaped, and to grow against the surrounding structures can cause even expert clinicians to experience difficulty with accurate segmentation.
Introduction
Suspicious region delineation refers to a localization phase wherein a clinician defines the exact position and border of region of interest (ROI), which may encompass a cancerous or non-cancerous pathological object requiring further analysis [1] [2] . The study focuses on the initial quantitative steps in the process of clinical decision making, suspicious region delineation, for patients with non-small-cell lung cancer (NSCLC). Remarkably, this step is performed before any other analysis, leading to quantitatively deduced decisions. NSCLCs are often large-sized with an irregular shape and invasion of the surrounding structures in comparison with lung nodules. These features present challenges and cause the failure of automatic segmentation and detection algorithms developed for small lung nodules [3] [4] [5] [6] [7] , particularly for the following reasons: (1) NSCLCs are often attached to the pleural or mediastinal wall and are easily excluded during thoracic segmentation. (2) Existing algorithms always assume a small, solid, and round lung nodule, in contrast to the characteristic features of NSCLC. (3) It may be impossible to distinguish the NSCLC from the surrounding structures with similar intensities on radiological images.
To address these limitations, expert clinicians generally delineate the NSCLCs manually with little, if any, machine assistance. However, this process is time-consuming, labor-intensive, and prone to interobserver variability.
Although several studies have evaluated the agreement between automated machine-assisted and manual contouring by humans [8] [9] [10] , the former is frequently unable to match the accuracy of the latter, which remains universally acknowledged as a gold standard. Furthermore, little to no information is available regarding the robustness of the proposed tools in dealing with the mentioned issues. Therefore, this study aims to propose a delineation tool with sufficient robustness to address all possible radiological conditions and reduce the accuracy gap between the automated and manual delineations.
Materials and Methods

Subjects
25 sets of CT scans curated from the NSCLC-Radiomics dataset in the Cancer Imaging Archive [11] , which were made available for download by the Dana-Farber Cancer Institute in accordance with the Dutch law and Institutional Review Board approval [12] . The patients were selected based on the inclusion criteria presented in Table   1 , and the patients with multiple tumors were excluded. Manual delineation of the 3D gross tumor volume and clinical outcome data are available for the pretreatment CT scans of all patients. The data acquisition protocols varied slightly among patients, depending on their body size. The reconstructed pixel resolution was 0.977 × 0.977 mm, and all images were reconstructed using 512 × 512 pixel matrices. In all examinations, the slice thickness was 3.0 mm. Fig. 1 The representation of tumor as described in Table 1 . Patients with solitary, mediastinal, pleural, endobronchial and tagging tumor represented by the first, second, third, fourth and fifth row respectively.
Framework description
An image segmentation based on a series of spatial-related techniques as shown in Fig. 2 is proposed. First, a prior processing using two-fold thresholding was first applied. Two binary masks were produced at this stage. The optimal thresholding discussed by Nihad et al. [13] were slightly modified as follows: when the threshold value Topt converged, the value was applied twice to an image I as lower-bound (MLB) and upper-bound masks (MUB), as depicted in Eq.1 and Eq.2, respectively. ROIs. The generated ROIs required refinement after the convexity and masking processes. Small-sized regions were treated as noise and discarded using the connected component labeling method. Only ROIs size larger than 200 pixels left intact. Afterward, a list of candidate seed points were created on these ROIs using collinearity property as visualized in Fig. 3 and described in stepwise manner below:
Step 1: Boundary tracing was applied to the polygons, and a list of vertices (Xn and Yn) was generated.
Step 2: The vertices were sorted based on the Y values.
Step 3: The vertices were sorted based on the X values.
Step 4: The middle point (mdp) was identified.
Step 5: The deepest point or convex hull point (chp) was located.
Step 6: Seed point 1 was located between mdp and chp.
Step 7: Seed point 2 was located between chp and S1.
Step 8: Lastly, seed point 3 was located between mdp and S2.
Fig . 3 Example of seed points, S1, S2, and S3, were generated for each region of interest.
Finally a topological processing based on evolutionary region growing (ERG) [14] [15] [16] was applied to recognize the spatial relationship, which in this case was the homogeneity between groups of pixels. ERG is a robust method that can successfully rectify a distinct region growing issue such as leakage caused by sensitivity to the threshold, locality due to different initial points providing different results, and sensitivity to noise. A 15-bit binary chromosomes is designed. The first nine bits (i = 9) were assigned to the seed point candidates determined according to section 2.2.2; S = {S1, S2…Si}. The last six bits (j = 15) were assigned to the maximum distance variations allowed during region growth (T7 = 10, T8 = 20, T9 = 30, T10 = 40, T11 = 50, and T12 = 60). The following variables, settings, and initializations were fixed during region growth in ERG:
Population size = 30, generation = 60, crossover operator = scattered, selection operator = roulette, mutation operator = uniform, crossover fraction = 0.8, mutation fraction = 0.2, and elitism = 0.1* population size.
Performance evaluation
A spatial overlapping metrics was constructed to measure the proposed framework performance as shown in Fig.4 . Sensitivity represents the overlap between the ground truth and algorithm-detected regions. Specificity measures the non-overlapping pixels correctly excluded by the proposed algorithm. Accuracy considers both the overlapping and non-overlapping estimations. All three metrics were defined using hierarchical fitness functions as derived by Eq. 8, 9, and 10, respectively.
 Accuracy (10) Fig. 4 . A true positive is defined as the overlap of pixels between the ground truth and region detected using the proposed method, whereas a false negative as the proposed method that fails to include a ground truth region. A true negative is defined as the exclusion of a region by the ground truth and proposed method, and a false positive is defined as a region that has been incorrectly included by the proposed method.
Results
The proposed algorithm converged and produced an optimal chromosome comprising the threshold and seed point information, which led to optimal segmentation. Table 2 presents the values of sensitivity, specificity, and accuracy, which evaluate the agreement of spatial overlap between the pixels and the quality of the segmentation.
Sections 3.1-3.5 demonstrate examples of the corresponding slice-by-slice segmentation using the proposed method versus the ground truth, i.e., manual delineation by an expert.
Solitary mass segmentation
Solitary masses independently exist (i.e., without other pathological objects) inside the lung parenchyma without invading surrounding structures. Accordingly, the assumption that these objects would require a less complicated segmentation was proven by the performances listed in Table 1 , with sensitivity values of 91%-99%
and specificity and accuracy values of 95%-99% each. Fig. 5 presents an example of solitary mass segmentation.
Mediastinal mass segmentation
Mediastinal masses often attach to the central compartment of the thoracic cavity between two pleural sacs (lobes) and may be connected to complicated structures such as the esophagus, trachea, thymus, and/or aorta.
Therefore, mediastinal mass segmentation was a challenging task in this study, with sensitivity, specificity, and accuracy values of 86%-91%, 94%-96%, and 92%-96%, respectively. Fig. 6 presents an example of mediastinal mass segmentation. 
Pleural mass segmentation
Pleural masses invade the ribs or chest wall. Segmentation of these lesions was found to be less complicated than that of mediastinal masses because the former rarely exhibited tumor-like conditions (e.g., pathological objects that may reduce accuracy) but were more complicated than that of solitary masses. For pleural masses, sensitivity values of 85%-98% and specificity and accuracy values of 92%-98% each were obtained. An example of pleural mass segmentation is shown in Fig. 7 .
Endobronchial mass segmentation
Tracheo-bronchial tree lesions generally localize around the respiratory tract. These uncommon lesions are commonly classified as malignant. Like mediastinal masses, the segmentation of endobronchial masses was challenging, particularly because it was difficult to differentiate these lesions from the surrounding airway structures that exhibited similar intensities. Here, the sensitivity, specificity, and accuracy values was within the range of 80%-93%, 85%-97%, and 84%-97%, respectively. Fig. 8 presents an example of mediastinal mass segmentation.
Tagging mass segmentation
Tagging masses are lesions that characteristically attach themselves to >1 of the following: pleura, mediastinum, or tracheobronchial tree. For these masses, the observed sensitivity, specificity, and accuracy values were 88%-95%, 93%-99%, and 92%-99%, respectively. An example of this type of mass segmentation is demonstrated in Fig. 9 . 
Discussion
By invading the surrounding structures, such as blood vessels, chest and mediastinal walls, the NSCLCs may occlude the existent boundaries of the lungs, which increases the difficulty of accurately segmenting the lung thoracic areas on the chest CT images and hinders the subsequent detection and segmentation of lung cancers [17] . The existing algorithms for delineating lung nodules are also insufficiently efficient to segment the relatively larger NSCLC masses [3] [4] [5] [6] [7] . To rectify this problem, an algorithm was proposed that acknowledges the radio-morphological condition of a NSCLC. In this report, the robustness of the proposed algorithm was demonstrated in terms of the tumor size, shape (spherical or non-spherical), microenvironment (left or right lobe), localization (solitary, pleural, mediastinal, endobronchial, or tagging), and contouring (lobulated, cavitated, or spiculated) and have used 25 sets of medical (CT)
images with these radio-morphological characteristics to evaluate the capability of the proposed algorithm.
For a minimum of four types of masses (solitary, pleural, mediastinal, and tagging), little to no difference was observed in comparison with the algorithm and. ground truth delineations. The lowest sensitivity values were expectedly obtained for endo-bronchial masses, which are considered the most complicated and difficult to extract even by expert radiologists. In such cases, the algorithm had to segment only the nodule while omitting the bronchus and other unrelated pathological objects attached to the same branch.
Regarding location, the algorithm easily extracted the ROI, regardless of the affected lobe side. Additionally, under-segmentation was observed only in one experimental case involving a mediastinal mass (Appendix A), which was assumed to be a unique event involving the "bridging" condition as shown. Here, bridging refers to a tumor with multiple connected regions that are separated by a shallow gap (i.e., change in intensity level), and this event ceased the expansion of the algorithm and overlooked the other region. Future research might address this condition by registering the tumor as having two regions. This bi-regional analysis would require a different seed-finding approach that initially treated the tumor as multiple separate regions, followed by co-registration at a later point.
Currently, the medical community relies on manual or semi-automatic tumor delineation for cancer diagnosis and detection, which is time-consuming and subject to fatigue and interobserver variability. In this study, a completely automated approach is presented intended to ease the burden of manual delineation while providing physicians with several options to select the most accurate delineation by determining a few seeds within the same suspicious ROI.
Despite its advantages, however, the proposed method seems to be unable to avoid issues of explosion or oversegmentation, particularly in larger tumors. For such tumors, limiting the threshold value may cause undersegmentation, whereas increasing this value may cause explosion. The algorithm also failed to recognize a very large tumor that had expanded to both sides of the lung wall (Appendix B).
However, to the best of my knowledge, this is the first study to demonstrate a spatial-based segmentation algorithm for tumor detection and extraction. Several previous studies similarly discussed the use of evolutionarybased region growth to target lung parenchyma or thoracic region segmentation [14] [15] [16] , but largely failed to address the tumor itself, which is the most vital part of medical image analysis. In contrast, the integration of spatial connectivity information with the backbone of evolutionary-based region growing algorithm in facilitating the tumor extraction seems promising. The favorable results obtained in diverse radiological situations demonstrate the potential of the proposed method.
Conclusion
With this study, the requirement of a robust, completely automated tumor extraction method intended to reduce the burdens on clinicians during medical image analysis have been addressed. To that end, a potential spatial informationbased segmentation method that hybridizes spatial connectivity and spatial relationships between pixels to detect and extract ROIs was demonstrated. The proposed method will provide beneficial assistance in the clinical diagnosis, staging, and therapy response assessment of cancer patients.
